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executed by the trading strategy. In addition, performance of the proposed 
model was evaluated against the strategies viz. traditional DMI, buy-hold. 
Keywords: From the experimental results, we observed that the proposed strategy 
outperformed other strategies in terms of all three parameters. On average, 
3 the ARR obtained from the DMI-ML strategy was 52.58% higher than the 
Gated recurrent unit Í ARR obtained from the buy-hold strategy. At the same time, the ARR of the 
Intelligent stock trading proposed one was found 75.12% higher than the ARR obtained from the 
Trading signal prediction traditional DMI strategy. Furthermore, the Sharpe ratio for the DMI-ML 
strategy was positive for all stocks. On the other side, the percentage of 
profitable trades executed by the DMI-ML strategy soared in comparison to 
the percentage of such trades by the traditional DMI. This study also 
extended analysis of the proposed model with the various intelligent trading 
strategies proposed by authors in various literatures and concluded that the 
proposed DMI-ML strategy is the better strategy for stock trading. 
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1. INTRODUCTION 

Many people around the world are involved in stock trading. Their main objective is to increase 
wealth. They use their knowledge and experience to predict the future direction of the stocks and trade 
accordingly. Researchers mainly from finance, statistics, and computer science are actively involved in 
devising suitable models for predicting the future direction of stocks. They use fundamental analysis, 
technical analysis, and time series forecasting approaches for stock forecasting. Fundamental analysts use 
company analysis, industry analysis, and economic analysis to forecast future stock directions [1]. Technical 
analysts use candlestick charts and various technical indicators to predict future stock movements [2], [3]. 
Time series forecasting is an approach that uses linear and non-linear models to predict the future direction of 
stocks [4], [5]. 

Researches related to stock market prediction can be basically divided into three categories: 
i) prediction of stock trading signals [6]—[13], ii) prediction of future stock price [14]-[31], and iii) prediction 
of the stock market index [16], [17], [30], [31]. In addition, the input features used by researchers to predict 
the stock market can be broadly divided into four categories: i) historical trading data that include open, high, 
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low, close, and volume [6], [29]; ii) technical indicators computed from historical trading data [4], [16], [18]; 
iii) investor sentiment mined from financial news, blogs, and tweets, [19], [21], [28]; and iv) combination of 
input features from categories 1 to 3. 

Technical indicators are pattern-based signals generated by the price and volume of historical 
trading. Some commonly used technical indicators include simple moving average (SMA), exponential 
moving average (EMA), moving average convergence and divergence (MACD), directional movement index 
(DMD), relative strength index (RSI), commodity channel index (CCI), and William %R [22], [23]. DMI is 
one of the preferred and widely used technical indicators among technical analysts to predict future stock 
price movements and trading signals [32]-[34]. They need to analyze a large volume of historical trading 
data to predict stock trading signals. Their approach is largely subjective also and hence very difficult to 
computerize [35]. Therefore, machine learning strategies became popular for predicting stock price trends 
and trading signals [36], [37]. These strategies are not able to remember the historical context, but recurrent 
neural networks (RNNs) have this capability. Therefore, researchers used RNNs to predict stock price 
movements [38], [39]. Since RNNs suffer from vanishing/exploding gradient descent problem, nowadays 
long short-term memory (LSTM) and gated recurrent unit (GRU) networks are among the widely used 
models for stock forecasting [6], [7], [14], [23], [39]. However, none of the aforementioned strategies have 
utilized DMI indicators for trading signal prediction. 

One of the major problems associated with DMI based trading strategy used by technical analysts is 
that DMI indicators give false signals frequently, which are very difficult to recognize. On the other hand, 
looking at and analyzing the chart patterns of each stock is a time-consuming task. Therefore, this research 
paper proposed a novel directional movement index based machine learning (DMI-ML) strategy for 
predicting stock trading signals. Although many intelligent strategies were proposed to predict stock trading 
signals [21], [27], [31], none of them was based on DMI and similar technical indicators. The main motive of 
the proposed strategy is to devise a machine learning strategy on the basis of estimated trading signals from 
DMI indicators to reduce the false trading signals and increase trading profit. The detail of the proposed 
strategy is given in section 3. We used the GRU network as a machine learning tool to realize the proposed 
DMI-ML strategy and evaluated the strategy in terms of annual rate of return (ARR), Sharpe ratio (SR), and 
percentage of profitable trades. Moreover, the study compared the performance of the proposed model with 
the traditional DMI based trading strategy and the Buy-Hold strategy, a benchmark strategy. 

This paper is organized as follows. Section 2 describes the DMI indicators briefly. The proposed 
strategy is explained in section 3. The research method adopted to carry out this research work is discussed in 
section 4. Section 5 sheds light on the results and discussion. Finally, section 6 provides the conclusion of the 
research work. 


2. DIRECTIONAL MOVEMENT INDEX (DMI) 

Directional movement index (DMI) is a trend and momentum indicator that signifies the strength of 
a stock price trend. The indicator does not determine the direction of the trend, rather it only determines the 
strength of the current trend. The average directional movement index (ADMI) is derived from the 
directional movement indicators: positive directional indicator (+DI) and negative directional indicator 
(-DI). +DI increases when movement is upward and —DI increases when movement is downward. Normally, 
the ADMI value below 25 suggests the absence of the trend and the ADMI value above 25 suggests the 
presence of the strong trend. It shows the strength of uptrend when +DI is above —DI and strength of 
downtrend when —DI is above +DI. The general strategy used by trend traders is to buy stocks when the +DI 
line crosses above the —DI line and sell stocks when the —DI line crosses above the +DI line [40]. The process 
of calculating DMI indicators is discussed below and is formulated in (1): i) compute positive directional 
movement (+DM) and negative directional movement (-DM) using current high (CH), previous high (PH), 
current low (CL) and previous low (PL); ii) compute smoothed +DM (+SDM) and smoothed -DM (-SDM) 
using 14 days period as suggested by Wilder [40]; iii) compute true range (TR), smoothed TR, and average 
TR. Here, TR is a market volatility indicator; iv) divide +SDM by ATR and multiply the value by 100 to get 
+DI; v) similarly, divide -SDM by ATR and multiply the value by 100 to get —DI; vi) compute DMI 
indicator, which is 100 times the absolute difference between DI indicators divided by the sum of DI 
indicators; and vii) finally, compute ADMI indicator, which is smoothed value of the DMI indicator. 


Up = CH — PH Down = PL-CL 
lene > Down and Up > 0 then + DM = Up else + DM = 0 
if Down > Up and Down > 0 then -DM = Down else -DM = 0 


+SDM = YL, DM — +E, DM + Current DM 
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TR = max{(CH — CL), abs(CH-PC), abs(CL-PC)} 
STR = £}, TR — Ż£Ł, TR + Current TR ATR =—-Y7, TR; 
n n 


+SDM —SDM 
+DI = x 100 —DI= x 100 
DMI = (ni) X 100 ADMI = Dior ADMD<(n-1)+Current ADMI (1) 
(+DI)+(-DI) a 


3. PROPOSED STRATEGY 

This study proposed a DMI-ML stock trading strategy as well as a target feature generation model 
for producing buy/hold/sell signals. In addition, we designed and constructed a stock trading simulation 
module. This section goes over each of these components in detail. 


3.1. Proposed DMI-ML Strategy 

A schematic diagram of the proposed directional movement index based machine learning 
(DMI-ML) strategy for predicting stock trading signals is presented in Figure 1. The target feature generation 
method is discussed in section 3.2. Details of dataset preparation using target feature and DMI indicators is 
provided in section 4.3. GRU network uses this dataset for training and predicting trading signals. 
Configuration of the GRU network is provided in section 4.4. Finally, based on the predicted signals, the 
trading simulation module performs stock trading as discussed in section 3.3. 


Historical Stock Calculate DMI Generate Target 
Trading Data Indicators Feature 


—— 


Predicted Trading Gated Recurrent DMI Indicators 
Signals Unit Network and Target Feature 


Trading Simulation | 


Figure 1. Proposed DMI-ML trading strategy 


3.2. Target feature generation model 

This paper also put forward a model for generating target feature “action” based on values of 
directional indices. The mathematical formulation of the model is given in (2). The model generates a 
sequence of Buy, Hold, and Sell actions. It generates Buy and Sell signals turn by turn. The model puts three 
Buy and Sell signals in the target feature when there is a crossover between the +DI line and the —DI line. 
The main reason behind this is to make the machine learning model easier to recognize trading signals. 


if PDI > NDI then action[i:i+ 3] = 'Buy' 
ifNDI > PDI then action[i:i+ 3] = ‘Sell’ (2) 
otherwise action[i] = 'Hold' 


Where PDI and NDI are +DI and —DI indicators respectively. 


3.3. Trading simulation 

During this study, a trading simulator has been designed and developed to perform automatic stock 
trading based on the trading signals predicted. The simulator performs buy and sell operations on the 
assumption that stock investors initially hold no stocks. Hence, the first trading operation of the simulator 
should be the buy operation. Thus, the simulator performs a sequence of buy and sell operations. If the last 
trading operation is the sell operation, then the sequence consists of the same number of buy and sell 
operations. However, if the last trading operation is the buy operation, then the sequence includes one more 
buy operation than the number of sell operations. In such situation, the simulator discards the last buy 
operation and performs profit/loss calculation derived from stock trading. The simulator treats the "close 
price" as the buy/sell price. Initially, the simulator assumes that investor holds some seed money for 
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purchasing the stocks. Once the stocks are sold, the entire sold value is reinvested in the next buy operation. 
The formula used to calculate gross profit/loss from the trading is given in (3). The equation does not include 
transaction cost and income gain tax. After calculating the profit/loss, the simulator calculates profit/loss 
percentage using (4): 


pl=y-x (3) 


where y is the amount of money obtained from the last sell operation and x is the amount of money that the 
investor decides to invest in a stock initially. 


plp = 2x100 (4) 


The traditional DMI trading strategy also uses the above-mentioned technique for calculating 
profit/loss percentage. On the other hand, the buy-hold strategy operates buy and sell operations only once. 
The assumption for the strategy is that the buy operation is performed on the first day and the sell operation is 
performed on the last day of the test period. The amount of money obtained from the sell operation was 
calculated using (5). Then gross profit/loss and percentage of profit/loss for the buy-hold strategy were 
calculated using (3) and (4), respectively: 


y = (C, X (ns + k) +7, cdi) (5) 


where, C; is close price of it” trading day, ns is number of stocks purchased initially, k is the number of 
bonus share issued and cd; is the it”cash dividend provided during the test period. 


4. RESEARCH METHOD 

This section describes the stock data that was used in the research work. Aside from that, the 
research work's data preprocessing and data preparation strategy are discussed. Finally, the configuration of 
the GRU network used in the study, as well as the performance measures used to evaluate the stock trading 
strategies, are described. 


4.1. Stock data 

In this research, historical trading data from Nepal stock exchange (NEPSE), Bombay stock 
exchange (BSE), New York stock exchange (NYSE), and Shanghai stock exchange (SSE) were used. This 
study experimented twenty stocks, five from each stock exchange. Detail of the stock data is given in 
Table 1. The historical trading data of NEPSE, BSE, NYSE and SSE stocks were collected from Nepal Stock 
Exchange [41], BSE India [42] and Yahoo Finance [43] respectively. 


Table 1. Historical trading data of stocks 


Date 

Stock Exchange Stock Name From To 
NEPSE Siddhartha Bank Ltd. (SBL) 4/15/2010 4/13/2021 
Everest Bank Ltd. (EBL) 4/15/2010 4/13/2021 
Garima Bikas Bank Ltd. (GBBL) 1/3/2011 4/13/2021 
Asian Life Insurance (ALICL) 5/12/2011 4/13/2021 
Butwal Power Company Ltd. (BPCL) 4/15/2010 4/13/2021 
Britannia Industries Ltd. (BRTN) 1/1/2000 4/13/2021 
HDFC Bank Ltd. (HDFC) 1/1/2000 4/13/2021 
BSE Hindustan Unilever Ltd. (HUNL) 1/1/2000 4/13/2021 
Shree Cement Ltd. (SHREE) 1/1/2000 4/13/2021 
Pidilite Industries Ltd. (PIDI) 1/1/2000 4/13/2021 
Avista Corporation (AVA) 1/1/2000 4/13/2021 
Boeing Company (BA) 1/1/2000 4/13/2021 
NYSE Bank of America Corporation (BAC) 1/1/2000 4/13/2021 
BlackBerry Ltd. (BB) 1/1/2000 4/13/2021 
Ford Motor Company (Ford) 1/1/2000 4/13/2021 
Fujian Qingshan Paper Industry Co. Ltd. (FQP) 1/1/2000 4/13/2021 
Huaxin Cement Co., Ltd. (HCC)v 1/1/2000 4/13/2021 
SSE Jiangsu Hengrui Medicine Co.Ltd. (JHM) 10/18/2000 4/13/2021 
China Minsheng Banking Corp. Ltd. (MSHEG) 12/19/2000 4/13/2021 
Sichuan Mingxing Electric (SME) 1/1/2000 4/13/2021 
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4.2. Data preprocessing 

Initially, the data was arranged in the order of oldest to the newest date. Thereafter, the DMI 
indicators: +DI, -DI, and ADMI were calculated from the historical trading data and the unnecessary features 
were dropped from the datasets. Then, the target feature ‘action’ was generated using the target feature 
generation model discussed in section 3.2. Finally, the input features were normalized using standard scalar 
and the target attribute was encoded using the one-hot encoding strategy. 


4.3. Data preparation 

The datasets were divided into training, validation, and test sets in 8:1:1 ratio. This study aimed to 
predict the trading signal for the day t+1 using input features from (t-N+1)" day to t day, where t is the 
current trading day and N is the window size. As suggested by Saud and Shakya [44], window size 5 was 
used. Therefore, the input data was a combination of N independent variables di-n+1... di-1, dt and a dependent 
variable a1, where dj is a tuple (pdi, ndi, adi) and a; represents trading action for the i trading day. The 
symbols pdi, ndi, and adi, denote +DI, -DI, and ADMI indicators respectively for the i trading day. Thus, 
t e[1, L*0.8] for the training set, t € [L*0.8 +1, L * 0.9] for the validation set, and t € [L * 0.9 +1, L] for the 


test set, where L is the length of the dataset. 


4.4. Configuration of GRU network 

The configuration of the GRU network used in this research work was 3x100x100x3. The 
configuration is not guaranteed to be optimal, however, random experiments were performed with the various 
configurations before adopting this one. Each hidden layer of the network was followed by a dropout layer. 
The ReLU activation function was used in the hidden layers and the SoftMax activation function was used in 
the output layer of the network. In addition, Adam optimizer was used with the GRU network. 


4.5. Performance measures 

In this study, trading strategies were evaluated in terms of three measures: annual rate of return 
(ARR), Sharpe ratio (SR), and percentage of profit/loss trades executed by the trading strategies. SR is the 
risk-adjusted return of the investment [45]. It measures the volatility of investment returns. ARR and SR 
were computed from the profit earned from the trading strategies using the formulae given in (6) and (7), 
respectively. Since the generated target feature ‘action’ is simply an estimation based on the crossover 
between positive and negative directional indicators, classification accuracy is not a relevant performance 
measure for the proposed strategy. 


ARR = {(1 + Return)!” — 1} x 100 (6) 
Where, n is the number of years. 


Re-R 
sR a (7) 
oO 
Where, R,is return from stock tranding Ris return from risk free investment and ø is standard deviation of 
return from stock trading. 


5. RESULTS AND DISCUSSION 

This section presents the results derived from stock trading in terms of ARR and SR. Then, the 
percentage of profit/loss trades executed by the trading strategies is discussed. Finally, results obtained from 
the proposed DMI-ML strategy are compared with the results obtained from various intelligent trading 
strategies proposed in the literature. 


5.1. Analysis of trading returns 

A trading simulation was carried out on the test data based on the trading signals generated by the 
DMI-ML strategy and the traditional DMI trading strategy. Then, profit/loss obtained from the trading 
strategies as well as from the Buy-Hold strategy were computed. Furthermore, the standard deviation of the 
profit/loss obtained from the DMI-ML was calculated. Thereafter, ARR and SR were calculated for each 
strategy. The corresponding results are plotted in Figures 2 and 3, respectively. The annual rate of treasury 
bills issued by the central banks of respective countries was used as a risk-free return for calculating the 
Sharpe ratio. 
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Figures 2 and 3 clearly show that the DMI-ML Strategy outperformed the buy-hold strategy and the 
traditional DMI trading strategy in terms of ARR and SR. The DMI-ML strategy yielded the highest ARR for 
all companies. The strategy achieved ARR ranging from 18.17% to 158.28% from stock trading with SR 
values ranging from 4.14 to 58.24. The DMIL-ML strategy not only yielded a handsome return from the 
stocks that were in the bullish pattern but also from the stocks that were in the bearish and sideways pattern 
during the test period. On the other hand, the buy-hold strategy yielded ARR in the range of -21.24% to 
183.06% and SR range from -6.06 to 57.8. From the experiments, we observed that the buy-hold strategy 
only yielded a handsome return from the stocks that were in the bullish pattern during the test period. 
However, the strategy could not achieve satisfactory returns from the stocks in the bearish and sideways 
pattern. The traditional DMI trading strategy performed worst among all three trading strategies. The strategy 
yielded ARR ranging from -1.89% to 19.38% from stock trading. The reason behind the unsatisfactory 
performance of the strategy is that the DMI is a lagging indicator and it also gives false trading signals 
frequently. The traditional strategy achieved the specified ARR with SR in the interval -1.31 to 7.83. 


I lla Ll L 
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Figure 2. ARR obtained from trading 
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Figure 3. SR obtained from trading strategies 


The DMI-ML strategy achieved 1.38% to 156.01% higher ARR than the Buy-Hold strategy and 
15.54% to 170.86% higher ARR than the traditional DMI trading strategy. The strategy earned the specified 
ARR with positive SR for all stocks. The buy-hold strategy yielded the specified ARR with positive SR for 
16 stocks and with negative SR for the remaining 4 stocks. At the same time, the traditional DMI based 
trading strategy yielded the above-mentioned ARR with positive SR only for 9 stocks and with negative SR 
for the remaining 11 stocks. Furthermore, the DMI-ML strategy obtained significantly higher SR than the 
Buy-Hold strategy and the traditional DMI based trading strategy. 

In summary, the DMI-ML strategy achieved 80.97% average ARR with 17.36 average SR from 
trading, whereas the traditional DMI strategy and the buy-hold strategy respectively achieved 5.85% and 
28.39% average ARR with an average SR value of 0.44 and 5.61 as shown in Figure 4. These observations 
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point to the fact that the proposed DMI-ML strategy is a better approach for automated stock trading, as it 
achieved much higher ARR as well as risk-adjusted return compared to the other two stock trading strategies. 


5.2. Analysis of percentage of profitable trades 

The percentage of profit/loss trades is one of the key parameters for any stock trading strategy. This 
parameter was therefore measured through the trading simulation module. The graph illustrated in Figure 5 
provides a comparison between the percentage of profitable trades executed by the DMI-ML strategy and the 
traditional DMI based trading strategy. The analysis of the buy-hold strategy is not included in this regard, as 
it always conducts only one trade for each stock during the test period. 


90,00 
80,00 
70,00 
60,00 
50,00 
40,00 
30,00 
20,00 
10,00 

0,00 


ARR/SR Value 


Average ARR Average SR 


GDMI-ML_ mTraditional DMI fmBuy-Hold 


Figure 4. Average ARR and SR obtained from trading strategies 


From Figure 5, we observed that the percentage of gain trades executed by the DMI-ML strategy is 
much higher than the percentage of gain trades executed by the traditional DMI strategy. 66.67% to 100% of 
trades executed by the DMI-ML strategy are gain trades, whereas only 19.05% to 100% of trades executed 
by the traditional DMI based trading strategy are gain trades. During analysis, it was observed that the 
traditional DMI strategy had an exceptional performance for the stock ALICL with 100% gain trades. 
However, for the rest of the stocks, the strategy executed a significantly lower percentage of gain trades than 
the DMI-ML strategy. The reason behind the outperformance of the traditional DMI strategy for the stock 
ALICL is that the stock was in an extremely bullish trend during the test period. Excluding ALICL, the 
DMI-ML strategy executed 8.7% to 64.71% more gain trades than the traditional DMI strategy. In summary, 
the DMI-ML trading strategy executed 89.15% gain trades on average, whereas the traditional DMI based 
trading strategy executed merely 41.33% gain trades. These observations indicated that numerous trade 
signals given by directional indicators were false signals and the proposed DMI-ML stock trading strategy 
was able to filter out those false trading signals significantly. 
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5.3. Comparison with other intelligent trading strategies 

Although many researchers have proposed machine learning models for predicting stock price or 
index, only a few researchers have devised intelligent models for stock trading using machine learning 
strategies. Table 2 provides a comparison between the average value of results obtained from intelligent 
trading strategies devised in various literatures and DMI-ML strategy. From the table, it is clearly seen that 
the proposed DMI-ML strategy not only outperformed the Buy-Hold strategy and traditional DMI strategy, 
but also the returns derived from the strategy are superior to other intelligent trading strategies. 


Table 2. Average value of results obtained from intelligent trading strategies 


Proposed Strategy Comparison with %Return SR of return Gained for 
HC-LSTM [6] Bollinger Band 10.61% more return than the Not provided 48% stocks 
based trading Buy-Hold strategy 
Strategy, 14.17% more return than the 
Buy-Hold strategy Bollinger Band based 
strategy 
HC-CNN [6] Bollinger Band 3.21% more return than the Not provided 68% stocks 
based trading Buy-Hold strategy 
strategy, 6.77% more return than the 
Buy-Hold strategy Bollinger Band based 
strategy 
MICNN [10] RSI Based trading 6.2% more return than the Not provided 70% stocks 
strategy RSI based trading strategy 
GP Based Strategy | Buy-Hold strategy 2.72% more return than the Not provided Not provided 


[12] 
Proposed DMI-ML 
Strategy 


Traditional DMI 
trading strategy, 
Buy-Hold strategy 


Buy-Hold strategy 

52.58% more return than 
Buy-Hold strategy 

75.12% more return than the 


— SR=17.36 for DMI-ML strategy 
— SR=0.44 for Traditional DMI 
strategy 


100% stocks 


traditional DMI strategy — SR=5.61 for Buy-Hold strategy 


6. CONCLUSION 

This research work proposed a directional movement index based machine learning (DMI-ML) 
strategy for predicting stock trading signals. The study evaluated the model against the Buy-Hold strategy 
and the traditional DMI based trading strategy. The evaluation was made in terms of annual rate of return 
(ARR), Sharpe ratio (SR), and percentage of profit/loss trades executed by trading strategies. From the 
experimental results, we observed that the DMI-ML strategy outperformed the other two models in terms of 
all three measures. The strategy yielded higher ARR than the Buy-Hold strategy, ranging from 1.38% to 
156.01%. Meanwhile, the strategy resulted in higher ARR than the traditional DMI strategy, ranging from 
15.54% to 170.86%. Further, The DMI-ML strategy obtained higher SR than the other two models. The 
strategy achieved at least 0.45 and at most 46.43 more SR than the Buy-Hold strategy. At the same time, the 
strategy achieved at least 3.74 and at most 55.57 more SR than the traditional DMI strategy. Except for the 
ALICL, the DMI-ML strategy executed more profitable trades, ranging from 8.7% to 64.71%, than the 
traditional DMI strategy. 

From the summarized view of the experimental results, we observed that the proposed DMI-ML 
strategy achieved 80.97% ARR with 17.36 SR whereas the Buy-Hold strategy and the traditional DMI 
strategy respectively achieved 28.39% and 5.85% ARR with 5.61 and 0.44 SR. In addition, we observed the 
DMI-ML strategy delivered significantly better returns than the intelligent stock trading strategies proposed 
in the literatures. Hence, we concluded that the proposed DMI-ML strategy is the better strategy for 
automated trading in stock markets. The strategy is capable to make a decent profit from stock trading 
regardless of the trend of the stocks. 
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